Purine nucleoside phosphorylase (PNP, EC 2.4.2.1) is a key enzyme in the purine salvage and degradation pathway.
Inhibitors of PNP have potential therapeutic value in the treatment of T-cell proliferative diseases such as T-cell leukemias or lymphomas, for prevention of transplant rejection, and in the treatment of T-cell autoimmune diseases such as rheumatoid arthritis and lupus. 2, 3) Despite the therapeutic potential of PNP inhibitors, which has been appreciated for more than fifteen years, and the several classes of PNP inhibitors that have been described in the literature, 4) only one has reached advanced clinical trials. 5) Recently, we have determined values of K i and IC 50 for a series of inhibitors of purine nucleoside phosphorylase discovered by scientists at BioCryst Pharmaceuticals and developed useful QSAR models based on them. 6) These QSAR models are, however, less robust than one would like as a consequence of limited structural diversity and a clustering of many of the property values over a rather narrow range. We have now amplified our data set through the inclusion of 24 PNP inhibitors discovered by scientists at Parke-Davis Pharmaceuticals. These inhibitors provide the desired structural diversity and cover a greater range of property values with less clustering. In sum, the amplified data set is an improved data set for the purposes of QSAR model development. The results of modeling this data set are reported herein.
Results

Determination of Inhibition Constants
The data set employed in this work consists of two parts: (i) a set of inhibitors from BioCryst Pharmaceuticals, 001-034, and (ii) a set of inhibitors from Parke-Davis Pharmaceuticals, 035-058. We have previously reported values of K i and IC 50 for the BioCryst inhibitors.
6) The structures of these inhibitors are collected in Figure 1 . Table 1 includes structures for the Parke-Davis inhibitors, together with values of K i , IC 50 , and the ratio IC 50 /K i . This set of 24 new inhibitors of PNP is structurally distinct from the set of 34 BioCryst inhibitors. Nine of the 24 inhibitors are 9-substituted-8-aminoguanines; one is 8-aminothioguanine (compound 041); one is 9-substituted-8-amino-9-deazaguanine (compound 048); one is 9-substituted-8-thioguanine (compound 049); one is 8-bromoguanosine (compound 053); two are 3-substituted-8-aminoguanines (compounds 051 and 057); and a group of 9 inhibitors are structurally diverse from the above. These include compounds 036, 040, 042, 046, 052, 054-056, and 058.
For 53 of the 58 inhibitors of PNP employed in this work, we have determined values of K i ; these vary from 0.004 to 190 mM, a factor of about 48000-fold. Values of IC 50 for the complete set of 58 inhibitors vary from 0.0148 to 515 mM, a factor of 35000-fold. The distribution of measured values of log IC 50 and log K i is provided in Figs. 2 and 3 , respectively. These values span approximately five orders of magnitude and property values, although weighted toward the high-potency end of the spectrum, are acceptably distributed across the range of values.
Statistical Modeling This data set of PNP inhibitors is well-suited for QSAR modeling. Inclusion of the Parke-Davis inhibitors has augmented the structural diversity of the data set, increased the dynamic range of property values, and provided a more nearly uniform distribution of property values across the range of values (Figs. 2 and 3) .
Two QSAR models were created, one for values of K i and one for values of IC 50 . In each case, the data set was divided into five non-overlapping subsets, each subset spanning as much of the range of property values as possible. Sets of molecular descriptors based on earlier experience were selected for the modeling work. 6, 7) Ten modeling runs were carried out for each data set. In each case, three of the subsets of the data set were employed as training set and the other two were employed as test set. All possible combinations of three subsets (ten) were employed as training sets. Thus, the test sets occupy 67% of the structure space occupied by the training sets. Proceeding in this way, each molecule in the data set appears in a training set six times and in a test set four times. Thus, we generally obtain six estimates of the property value for each compound as a member of a training set and four predictions of the property value for each compound as a member of a test set.
In Table 2 , measured, estimated, and predicted values of log IC 50 for the Parke-Davis subset of PNP inhibitors are collected. The values reported are averages of all qualified estimates and predictions, together with the associated standard deviations. Differences between measured and estimated or predicted values are also included in Table 2 . A correspond-ing set of values for log K i for the same subset of inhibitors is provided in Table 3 .
For all 58 inhibitors employed in this work, a plot of estimated and predicted values of log IC 50 against the corresponding measured values is provided in Fig. 4 . A corresponding plot for values of log K i is provided in Fig. 5 . In both cases, there is excellent concordance between estimates and predictions, on the one hand, and measured values, on the other.
Discussion
Work described herein has resulted in two persuasive QSAR models [for IC 50 of these estimates (Tables 2 and 3 ). In every case, the estimated values fall within the limits of the estimated measurement errors. There are no outliers; qualified estimates were obtained for all members of the training sets. Second, the model does an excellent job of predicting values of molecules in the test sets (Figs. 4 and 5) . In nearly all cases, the predictions fall within the estimated measurement error and in no case is the prediction different from the measured value by more than two standard deviations of the measurement error. Here too there are no outliers; qualified predictions were obtained for all members of test sets. Note that the predicted values are independent of the nature of the training set as evidenced by the small standard deviations from the average value obtained from repeated calculations (Tables 2 and 3) .
Third, the models cover substantial structure space ( Fig. 1 and Table 1 ). Thus, these models will prove predictive for novel compounds within, and perhaps somewhat outside, this structure space. The models are robust.
Fourth, one has a substantial understanding of the reliability of the predicted values, based on the standard deviations from the average of the calculated values and the agreement between measured and calculated values (Tables 2 and 3) .
In sum the QSAR models created in this work meet the 
Experimental
All inhibitors employed in this study were synthesized by scientists at BioCryst Pharmaceuticals or Parke-Davis Pharmaceuticals and were the gifts of those organizations. Calf spleen PNP (phosphate-free, purity greater than 98%) and xanthine oxidase were the best grades available from Sigma Chemical and were used without further purification. Other reagents were obtained commercially from either Sigma or Aldrich and were the best grade available.
Kinetic measurements were carried out spectrophotometrically with the aid of an HP 8453 diode array spectrophotometer and employing a standard coupled assay 8) as previously described. 6) All measurements were made at 25°C and pH 7.4. Kinetic parameters were estimated from the collected data employing the Leonora statistics package. Values of pH were determined with a Radiometer PHM240 pH meter.
Statistical modeling was carried out as previously described. 6,7) The descriptors employed in the modeling include the traditional 2D and 3D QSAR descriptors, a number of descriptors which identify structural elements within each molecule (e.g., methyl groups, chlorine atoms), as well as a collection of novel descriptors based on transferable atom equivalent technology. 9, 10) Basically, this work involves the following steps. First, the training set is divided into a large number of overlapping subsets, employing a small number of molecular descriptors and a mixture of regression models algorithm. 9) Second, several linear subset QSAR models are constructed for each subset and employed to predict property values for compounds outside the subset but within the training set. Those subsets for which a small number of successful subset QSAR models can be constructed are retained, together with their models, in the final QSAR model. Ordinarily, less than one percent of the subsets initially created meet this criterion and are retained. This process is continued until a large number of subsets have been qualified for 16
Vol. 49, No. 1 their ability to generate QSAR models which predict the property value for molecules outside the subset but within the training set to within 1-2 standard deviations of the experimental error of the measurements. The final QSAR model employed in this work contained several thousand qualified subsets, each containing 3 to 5 subset QSAR models. Thus, the final QSAR model contained approximately 10000 subset QSAR models. Finally, the descriptors for each of the molecules in the test set are compared with the average of the descriptors for all molecules in each subset. For those cases in which these descriptors for the test set molecule and those in the subset are adequately concordant (suggesting that the structure/descriptor space occupied by the test molecule falls within that spanned by the subset), the subset QSAR models for that subset are employed to make predictions for the property value of the test set molecule. This procedure is continued until all subsets within the final QSAR molecule have been so examined. Thus, at the end of the procedure, each molecule in the test set will have multiple predictions. The number of such predictions varies from several hundreds for some molecules in the test set to perhaps 10 for other molecules. The reported predictions are the simple numerical average of these predictions.
